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Abstract
To explore the pedestrian motion navigation and conflict reaction mechanisms in practice, we organized a series of
circle antipode experiments. In the experiments, pedestrians are uniformly initialized on the circle and required
to leave for their antipodal positions simultaneously. On the one hand, a conflicting area is naturally formulated
in the center region due to the converged shortest routes, so the practical conflict avoidance behaviors can be
fully explored. On the other hand, the symmetric experimental conditions of pedestrians, e.g., symmetric starting
points, symmetric destination points, and symmetric surroundings, lay the foundation for further quantitative
comparisons among participants. The pedestrian trajectories in the experiments are recognized and rotated, and
several aspects, e.g., the trajectory space distribution, route length, travel time, velocity distribution, and time-
series, are investigated. It is found that: (1) Pedestrians prefer the right-hand side during the experiments; (2) The
route length is as the law of log-normal distribution, the route potential obeys the exponential distribution, and the
travel time is normally distributed as well as the speed; (3) Taking the short routes unexpectedly cost pedestrians
plenty of travel time, while detour seems to be a time-saving decision.
What’s more, the series of experiments can be regarded as a basis of the model evaluation benefit from the
serious conflicts and the symmetric conditions. The evaluation framework contains four distribution indexes and
two time series indexes in space and time dimensions, and they are respectively graded according to the K-S test
and the DTW method. A traditional social force model and a Voronoi diagram based modification are introduced to
test the evaluation framework. The evaluation results show that the framework is beneficial to evaluate pedestrian
models and even reflects the minor differences between the models.
Keywords: Pedestrian Dynamics, Circle Antipode Experiment, Pedestrian Trajectories, Model Evaluation
1. Introduction
The research of pedestrian dynamics is attracting more attention in recent decades due to the increasing fre-
quency of large-scale events around the world. The researches could be applied for the optimization of public
facilities as well as the organization of pedestrian crowds. The investigation of experimental data is one of the most
effective methods to explore the pedestrian dynamics (Helbing et al., 2005; Seyfried et al., 2009; Haghani & Sarvi,
2018). Typical data collection approaches include the controlled experiment with humans, animal experiment,
virtual reality and hypothetical choice experiment, evacuation drill experiment, natural disaster analysis, natural
environment analysis, and post-disaster interview (Haghani & Sarvi, 2018).
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Among the data collection approaches, the controlled experiment with humans is a widely used method in the
study of pedestrian dynamics, and numbers of scenarios (e.g., uni-directional flow, bottleneck, multi-directional
flow, etc.) have been applied in the investigation. The single line movement shall be the most fundamental scenario
in the uni-directional flow scenarios. Seyfried et al. (2005) investigated the single line experiment and found the
linear relation between the velocity and the inverse of the density. The kindred experiment performed by Jelic et al.
(2012a) drew similar results, and a further investigation on the stepping behaviors (Jelic et al., 2012b) showed that
the step length was positively correlated with the pedestrian velocity, and the available space in front was negatively
correlated with the variations of the step duration. In the uni-directional flow experiments, plenty of experimental
results between macroscopic parameters, i.e., density, velocity and flow, have been accumulated (Hankin & Wright,
1958; Older, 1968; Mori & Tsukaguchi, 1987; Weidmann, 1993; Helbing et al., 2007), and Zhang et al. (2011)
performed a comparison between four different measurement methods and found that the Voronoi method could
resolve the fine structure of the fundamental diagram.
The bottleneck experiment considers a different scenario which explores the pedestrian behaviors and reactions in
crowded situations. The arching phenomenon (Predtechenskii & Milinski, 1978) and zipper effect (Hoogendoorn &
Daamen, 2005; Seyfried et al., 2009) are typical self-organized phenomena in the type of experiment. The calculated
capacities in the experiments (Predtechenskii & Milinski, 1978; Kretz et al., 2006; Seyfried et al., 2009) vary from
1.3s−1 to 1.9s−1, and researchers have deeply investigated the mechanisms of the behavior characteristics. Nicolas
et al. (2017) presented a further investigation on heterogeneous behaviors, namely selfish and polite attitude. It
was found that the growing ratio of selfish pedestrians led to the rise and the disorder of flow rate. von Krchten &
Schadschneider (2017) investigated the behaviors of social groups and concluded that the increasing size of social
groups could have a positive influence on evacuation.
The multi-directional flow experiment can achieve more interesting results by applying the complicated scenarios
with more conflict avoidances and congestion reactions. To our knowledge, the experiments mainly include the bi-
directional flow in a corridor, T-junction and crossing flow. In the bi-directional flow of a corridor, the lane formation
(Daamen & Hoogendoorn, 2003; Helbing et al., 2005; Zhang et al., 2012; Moussaid et al., 2012) is the most well-
known self-organized phenomenon, and the formulated unidirectional lane is generally recognized as a promotion
for an efficient motion. Distinguished differences between the bi- and uni-directional flow experiments can be found
in the fundamental diagrams (Older, 1968; Navin & Wheeler, 1969; Polus et al., 1983; Tanaboriboon et al., 1986;
Weidmann, 1993; Lam et al., 2002; Guo et al., 2012b; Zhang et al., 2012; Cao et al., 2017). The T-junction and
crossing flow experiments with different intersection angles (Daamen & Hoogendoorn, 2003; Helbing et al., 2005;
Asano et al., 2010; Cao et al., 2017) are also conducted, and the phenomenon named stripe formation (Ando et al.,
1988; Helbing et al., 2005) has been observed. Other frequently-used scenarios for controlled experiments include
circular area experiments(Dyer et al., 2008, 2009; Faria et al., 2009, 2010) and route choice experiments (Guo et al.,
2012a; Haghani & Sarvi, 2017; Wagoum et al., 2017).
Nevertheless, due to the variances of trip destinations and individual preferences, the walking directions of
pedestrians in practice usually spread over almost all angles and there is no dominant direction on the whole (see
Fig. 1). In this situation, complex and serious conflicts frequently emerge among pedestrians. How to deal with
the complex and serious conflicts shall be a core and challenging part in the investigation of pedestrian dynamics.
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(a) (b)
Figure 1: Pedestrian crowd in practice. The yellow arrow represents the walking direction of a pedestrian. (a) pedestrians in a subway
station. (b) pedestrians in a shopping mall.
Although some conflicts can be found in current experiments such as the bi- and multi-directional flow experiments,
following behaviors are adopted by most pedestrians to avoid conflicts. As a result, the mechanisms of route
navigation and conflict avoidance are not fully revealed in the current experiments. Another problem in most of
the pedestrian experiments is the limitation on the quantitative investigations. Many performance indicators of
participants, such as the route length and travel time, are difficult to be quantitatively compared and analyzed
due to the variances of experiment conditions (e.g., initial positions, destination positions). Indeed, the method of
repeated experiments is still possible for the achievement of general behaviors (Moussaid et al., 2009). However,
for most large-scale experiments of human beings, the repeated method is costly and usually inefficient since
the performances of participants are still hard to compare. Therefore, designing an experiment with symmetric
experimental conditions for participants is of great significance for a further quantitative investigation. In the case,
the circle antipode experiment draws our attention.
The circle antipode experiment (Van den Berg et al., 2008; Ondej et al., 2010; Golas et al., 2014) has been
applied as a simulation scene, but very limited attention is paid to the performance of pedestrians in reality. In
the circle antipode experiments, pedestrians are uniformly initialized on a circle, and they are required to reach
the antipodal positions. The first significant feature of the experiment is that the shortest routes intersect at the
center of the circle, and a crowded area is generally formulated in the center zone. In the case, a pedestrian has
to deal with the conflicts with other pedestrians and pass through the crowded area in front. The ability to deal
with the situations of conflicts and congestions shall be a fundamental and core problem in the pedestrian research,
and here the practical handling ability of conflicts and collisions could be greatly revealed. Another significant but
rarely mentioned feature is that each pedestrian is owning a symmetric initial position and a symmetric destination
position in the experiment. In other words, except for the heterogeneity of pedestrians themselves, each pedestrian
faces a symmetric experimental condition, namely a symmetric initial position, symmetric destination position
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etc. Based on it, the results of pedestrian trajectories could be used to the maximum possible extent, and more
quantitative investigations are possible. Finally, with the development of the video recognition technology and
other trajectory recognition technologies in recent years (Boltes et al., 2010; Boltes & Seyfried, 2013; Seer et al.,
2014; Corbetta et al., 2014), obtaining the precise trajectories of pedestrians even in crowded situations is not so
difficult as before. The achievement of the precise pedestrian trajectories provides more detailed characteristics of
microscopic pedestrian behaviors. In summary, the access to the trajectories of the circle antipode experiments
provides more possibilities for quantitatively investigating the performance of pedestrians in a challenging conflicting
situation.
What’s more, the circle antipode experiments show the potential to be an evaluation basis for pedestrian simula-
tion models. An appropriate and quantitative evaluation is critical for the calibration, validation, optimization, and
comparison of the pedestrian simulation models. Popular evaluation methods for the pedestrian simulation model
mainly include the applications of self-organized phenomena, fundamental diagrams, and trajectories. Helbing &
Molnar (1995) found and analyzed the reproduction of lane formation in the social force model. The performance
of the generalized centrifugal force model was discussed on the basis of the fundamental diagram (Chraibi et al.,
2010). Individual trajectories and collective pattern were applied for the validation of pedestrian models (Antonini
et al., 2006; Robin et al., 2009). Also, a combination of the three types of methods could be adopted in the pedes-
trian models for evaluation (Moussaid et al., 2012; Xiao et al., 2016). Other evaluation methods include the model
applicability for route choices and computational burden (Duives et al., 2013).
In general, lots of models can meet the requirements of the above evaluation methods. Even so, these models
are probably unable to reproduce complete realistic pedestrian behaviors, especially in crowded and complicated
situations. A key reason is the lack of tests on the collision avoidance ability which shall be quite significant in
practice. In the circle antipode experiments, the challenging crowded situation makes the experiment an ideal
scenario for exploring the conflict avoidance behaviors, and the characteristic of symmetric experimental condition
provides more room for the quantitative evaluation. Therefore, the circle antipode experiment can be applied as an
evaluation basis for the pedestrian models.
Here, a series of circle antipode experiments were performed with different numbers of pedestrians and different
radii of circles, and the practical pedestrian trajectories on the ground were precisely extracted through video tech-
nologies. Based on the symmetric and uniform distribution of pedestrians, the original trajectories are rotated to
make the starting points and the destination points overlapped, respectively. As a result, the normalized rotations
allow more quantitative investigations of pedestrian dynamics, and the performances of pedestrians including trajec-
tory spatial distribution, route length, travel time, velocity, and time-dependent features are analyzed. Considering
the serious conflicting situations and the symmetric experimental conditions in the circle antipode experiments,
an evaluation framework is proposed for the calibration, validation, optimization, and comparison of pedestrian
simulation models.
The rest of paper is organized as follows. Section 2 describes the detailed settings of the circle antipode
experiments. In Section 3, the experiment results especially the pedestrian trajectories are analyzed. In Section 4,
an evaluation framework for the pedestrian trajectories in the circle antipode experiment is developed for the model
evaluation. With the evaluation framework, a traditional social force model and a Voronoi based social force model
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are proposed and tested. Finally, major conclusions and problems are drawn, and future researches are pointed out
in section 5.
2. Circle antipode experiments
The circle antipode experiment was conducted on a public square in front of a teaching building in Beijing
Jiaotong University, China. On the ground of the public square, two circles of radii 5m and 10m were respectively
plotted, and four sets of surface marks (totaling 128) from 1 to 32 were uniformly pasted on the two circles (see
Fig. 2a). The surface marks were used as the starting points and the destination points for the participants, hence
they were specifically designed to guide the pedestrians to the correct position without hesitation or deviation.
Considering the set up of the surface marks and the uniform distribution of experimental participants, 64 = 26 was
selected as the maximal number of participants in the experiment. A sketch map for the experiment setting can be
found in Fig. 2b. A surface mark and its antipodal mark shared a common number. Besides, a square area, labeled
with the cordon, was used to limit the feasible movement area for experimental pedestrians and prevent unrelated
pedestrians from entering.
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Figure 2: Circle antipode experiment. (a) Snapshot of the experimental square. (b) Sketch map of circle antipode experiment. (c)
Illustration of camera position.
Up to 64 participants (31 females, 33 males) were involved in the experiment, and they were students from
the university and aged 18 to 28. For the sake of video recognition, participants were asked to wear clothes with
the color of black, white or gray. Besides, each participant was required to wear a specific hat with featured color
according to his/her height. For instance, the blue, red and yellow hats corresponded to the participant height from
155 cm to 165 cm, from 165 cm to 175 cm, and from 175 cm to 185 cm, respectively. Here, the numbers of these
three groups of participants were 21, 29, and 14, respectively. The 64 participants were randomly divided into two
groups (A and B) with the same size, and the participants in each group were located on a semicircle. In group A
or B, each participant was randomly assigned with a number from 1 to 32, and he/she would stand on the surface
mark with the assigned number at the initial phase. Once receiving the start order, the participants would leave
for their antipodal positions on the circle as quickly as possible. Due to the potential jam and security problem in
the center region, the participants were warned to take care of the security issues during the experiments.
5
Table 1: Experiment arrangement.
5m experiment 10m experiment
Sequence Count Index Symbol Sequence Count Index Symbol
1 64 1, 2, 3, ... 32 5m-64p 9 64 1, 2, 3, ... 32 10m-64p
2 32 1, 3, 5, ... 31 5m-32p 10 32 1, 3, 5, ... 31 10m-32p
3 16 1, 5, 9, ... 29 5m-16p 11 16 3, 7, 11, ... 31 10m-16p
4 8 1, 9, 17, 25 5m-8p 12 8 3, 11, 19, 27 10m-8p
5 8 2, 10, 18, 26 5m-8p 13 8 4, 12, 20, 28 10m-8p
6 16 2, 6, 10, ... 30 5m-16p 14 16 4, 8, 12, ... 32 10m-16p
7 32 2, 4, 6, ... 32 5m-32p 15 32 2, 4, 6, ... 32 10m-32p
8 64 1, 2, 3, ... 32 5m-64p 16 64 1, 2, 3, ... 32 10m-64p
The experiments were conducted on two circles of radii of 5m and 10 m, respectively. For each circle, experiments
with four pedestrian counts (8, 16, 32, 64) were carried out, each of which was repeated four times. With these
specific number of participants (e.g., 8 = 64/23), it is convenient to formulate a symmetric experimental situation for
all the participants based on the existing 64 surface marks in practice. The detailed personnel schedule arrangement
is presented in Table. 1. The schedule arrangement not only avoids an identical initialization condition but also
guarantees a time-saving implementation. Note that each participant number in Table. 1 respectively corresponds
to two pedestrians in A group and B group. All the 16 sequences in Table. 1 was performed two times, with
one experiment from a semicircle to the opposite semicircle, and the other experiment going back to the original
position. Besides, a small number of warm-up experiments were performed for the participants to get familiar with
the experiment rules and the related objects, e.g., surface marks.
A high-definition camera operating at 25 frames per second, was placed at a high-rise building beside the public
square to record the whole experimental square in an approximate top-down view (see Fig. 2c). In the video
process, we applied the color recognition mode of software PeTrack (Boltes et al., 2010; Boltes & Seyfried, 2013)
to track the locations of heads (actually the colorful hats), and then calculate their ground positions according to
the pedestrian height and the view angle. It is worth noting that the special features in our experiments, e.g., the
approximate top-down view and the color requirements of clothes and hats, benefit the precise recognition of the
pedestrian trajectories at each frame, even in a crowded situation. In addition, more videos about the experiments
can be found on our website, http://pedynamic.com/circle-antipode-experiments/.
3. Experiment analysis
In general, the experiments were carried out smoothly, as well as the extraction of pedestrian trajectories.
Template original trajectories for the 8 different experiment types are illustrated in Fig. 3. For the sake of
convenience, a few abbreviations are introduced to represent the experiments with the same features. The 8 types
of experiments are respectively denoted as 5m-8p experiments, 5m-16p experiments, 5m-32p experiments, 5m-64p
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experiments, 10m-8p experiments, 10m-16p experiments, 10m-32p experiments, and 10m-64p experiments (see
Table. 1). Besides, the 5m (10m) experiments include all the experiments in the circle of radius 5(10) meters, and
the 8p(16p/32p/64p) experiments include all the experiments with just 8(16/32/64) participants.
(a) (b) (c) (d)
(e) (f) (g) (h)
Figure 3: Snapshots of the circle antipode experiments and the original trajectories. The yellow lines indicate the corresponding ground
trajectories. (a) - (d) contain the 5m experiments with 8, 16, 32, 64 pedestrians, respectively. (e) - (h) contain the 10m experiments
with 8, 16, 32, 64 pedestrians, respectively.
r0
r0
(xc , yc)
P1
Pi
Figure 4: Sketch map of the pedestrian trajectory rotation in the circle antipode experiments.
In the section, the original trajectories extracted from the video constitute the data source for the quantitative
analysis. Here, each trajectory is represented with two labels: the pedestrian index and the time step. For the
experiment with N pedestrians, the original trajectory is represented as,
si(t) = {(xi(t), yi(t)) | 1 ≤ i ≤ N, tstarti ≤ t ≤ tdesti , i, t ∈ Z}, (1)
where i and t are the corresponding pedestrian index and time step, respectively. xi(t) and yi(t) represent the
coordinates of pedestrian Pi at time step t. t
start
i and t
dest
i denote the departure time from the starting point and
the arrival time at the destination point for pedestrian Pi, respectively. Considering the swaying phenomenon and
7
other errors (Grieve & Gear, 1966; Kim et al., 2004; Hoogendoorn & Daamen, 2005; Jelic et al., 2012b), two cut-off
circles of r0 are respectively provided for both the starting point and the destination point, and r0 = 0.5m (see Fig.
4). The departure time tstarti is obtained as the time instant when pedestrian Pi firstly leaves the cut-off circle of
the starting point, and the arrival time tdesti is derived when pedestrian Pi firstly reaches the cut-off circle of the
destination point.
Moreover, to make the most of the specific symmetric distribution features, the original route trajectories are
respectively rotated around the center of the circle until the starting point of the route and the left end of the circle
are overlapped (as shown in Fig. 4). Since the destination of each pedestrian locates at the antipodal position of the
starting point, the destination should also be consistent. Suppose the center of the circle is (xc, yc), the rotation
formula of the trajectory si(t) for pedestrian Pi can be expressed as, xRi (t) = xc + (xi(t)− xc) cos(
2pi(i−1)
N )− (yi(t)− yc) sin( 2pi(i−1)N )
yRi (t) = y
c + (xi(t)− xc) sin( 2pi(i−1)N ) + (yi(t)− yc) cos( 2pi(i−1)N )
. (2)
Accordingly, the rotated trajectory is represented as,
sRi (t) = {(xRi (t), yRi (t)) | 1 ≤ i ≤ N, tstarti ≤ t ≤ tdesti , i, t ∈ Z}, (3)
where xRi (t) and y
R
i (t) are the rotated coordinates of pedestrian Pi at time t. After the rotation, the starting points
and the destination points are consistent according to the practical rotated routes, and the shape of the rotated
trajectories is similar to the spindle apparatus in cells from an intuitive view. Consequently, the pedestrian routes
can be estimated and investigated through a more comparable perspective (see Fig. 5).
From a qualitative view of the original and rotated trajectories (see Fig. 3 and Fig. 5), the individual routes are
nearly smooth, and radical changes in the routes are rare. That’s to say, even for the circle antipode experiments
with serious conflicts between pedestrians, the velocity adjustments are generally gradual in practice. Another
significant trend is that the overall detour level just increases with the growing count of pedestrians. It makes
sense since a growing number of pedestrians leads to a more crowded environment in the center region, and more
pedestrians have to detour around and further increase the overall detour level.
The following subsections concern the quantitative trajectory discussions, including trajectory spatial distribu-
tion, route length, route potential, travel time, speed, and time-series parameters.
3.1. Trajectory spatial distribution
In the circle antipode experiments, the shortest routes intersect at the center of the circle, and the circle center
just locates at the midpoints of the shortest routes. Considering the specific position of the center point (xc, yc),
the center distance dci (t) is introduced and defined as,
dci (t) =
√
(xi(t)− xc)2 + (yi(t)− yc)2. (4)
Besides, the pedestrian trajectories are discrete in our base data, and the densities of trajectories are calculated as
follows:
ρ(d) =
C(d)
pid2 − pi(d−∆d)2 , (5)
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(a) (b) (c) (d)
(e) (f) (g) (h)
Figure 5: Illustrations of the rotated pedestrian trajectories. The black points stand for the rotated trajectories, and the gray circle is
an auxiliary line representing the initial circle. The red points from left to right are the starting point, center point and destination
point, respectively. (a) - (d) show the 5m experiments with 8, 16, 32, 64 pedestrians, respectively. (e) - (h) show the 10m experiments
with 8, 16, 32, 64 pedestrians, respectively.
where C(d) is the count of trajectories within the center distance range (d −∆d, d), and ∆d equals to 0.5 meters
and 1 meter in the 5m and 10m experiments, respectively. Fig. 6 illustrates the center distance based trajectory
densities and probabilities in the experiments. In general, the trajectory density goes down along with the growing
center distance. The trend can be explained according to the special experiment setting that the shortest routes
of pedestrians just intersect at the center of the circle. Hence, along with the approaching of the circle center, the
area is going to be more competitive which leads to the negative correlation between the center distance and the
trajectories density. Also, the trajectories density increases with the growing of pedestrian counts, and it can be
account for the growing congestion caused by more pedestrians. The figure also shows that the trajectories in the
10m experiments are more concentrated in the center region than that in the 5m experiments. In our view, the
rise of the distance to the center region in the 10m experiments provides more room for pedestrians to adjust the
conflict avoidance strategies crossing the center region, whereas more pedestrians in the 5m experiments have to
detour. In the two types of circles, the changing trends of probabilities are approximately the same, that is to say,
the experiments share similar motion patterns. Still, the probabilities of trajectories in the range dci (t) > 5m are
greater in the 5m-64p experiments than those in the other 5m experiments. Note that the trajectories (dci (t) > 5m)
located outside the 5 m circle are supposed to be detour behaviors, and they are believed to be caused by the
overcrowded situation in the 5m-64p experiments.
The rotation of pedestrian routes (Fig. 5) provides a more apparent view of the behavior characteristics.
Generally, the detour behaviors become more frequent as the pedestrian counts increase, and the phenomenon
performs more obvious in the 5m experiments. The pedestrians in the 10m experiments have more space and buffer
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Figure 6: The center distance based spatial distribution of trajectories.
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Figure 7: The quadrant circle based spatial distribution of rotated trajectories.
time for the adjustments on velocity including both direction and speed. Consequently, the congestion in the center
region is less likely to be formulated, and the detour level is lower in the 10m experiments.
For a further analysis of spatial distribution of the rotated trajectories, the circle is divided into four zones as
shown in Fig. 5. The top-right quadrant, top-left quadrant, bottom-left quadrant, and bottom-right quadrant are
defined as Zone I, Zone II, Zone III, and Zone IV, respectively. In the circle, the coordinate of the center point is
denoted as (xc, yc), and the trajectories are classified into different zones by,
sRi (t) ∈

Z1, if x
R
i (t) ≥ xc, yRi (t) ≥ yc
Z2, if x
R
i (t) < x
c, yRi (t) ≥ yc
Z3, if x
R
i (t) < x
c, yRi (t) < y
c
Z4, if x
R
i (t) ≥ xc, yRi (t) < yc
, (6)
where Z1, Z2, Z3, and Z4 denote the trajectories set of Zone I, Zone II, Zone III, and Zone IV, respectively. For
each experiment set, the average ratio of trajectories in each zone is presented in Fig. 7. Note that the trajectories
within a r0 = 0.5m radius of the original point and the destination point are removed from the dataset to ensure
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the accuracy of the analysis. It is found that the probabilities of trajectories in Zone III and Zone IV are greater
than those in Zone I and Zone II. That is to say, pedestrians prefer to detour from the right side in our experiments.
Past studies (Helbing et al., 2005; Moussaid et al., 2009) suggested that the side preference could be interpreted as a
cultural bias, and the right side preference in China agrees with our experimental results. Besides, the probabilities
of trajectories in Zone I and Zone IV are approximately equal to those in Zone II and Zone III. Namely, approximate
time is spent in the first and the last semicircle.
3.2. Route length
The route length of pedestrian Pi is calculated based on the individual trajectories, i.e.,
Li =
tdesti −1∑
t=tstarti
‖si(t+ 1)− si(t)‖+ 2r0. (7)
Note that 2r0 is introduced to compensate for the impact of the cut-off circles, and the analyzed video in the exper-
iments is 25 frames per second. Moreover, the additional length La is introduced to compare different experiments.
For each circle, the shortest route lengths L0 of the pedestrians are the same and equal to 2r, pointing from the
starting point to the destination point. Based on the feature, the additional length of pedestrian Pi is defined as,
Lai = Li − L0i . (8)
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Figure 8: The mean values and standard deviations of additional length in the experiments.
Fig. 8 summaries the mean values and the standard deviations for the additional length in the experiments. In
the 5m and the 10m experiments, the additional length increases with the growing of pedestrian counts. It makes
sense that a more congested center region is likely to formulate with the increased pedestrian counts, and more
pedestrians choose to take longer routes. The comparisons between the 5m experiments and the 10m experiments
show that, except for the 8p experiments, the additional lengths in the 5m experiments are greater than those in
the 10m experiments. To understand the differences, we have to figure out the two components of the additional
length. The first component of the additional length comes from the actual detour distance determined by the
congestion level, and a pedestrian is more likely to take a longer detour route under a more congested situation.
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The second component is caused by the swaying phenomenon and other errors (Grieve & Gear, 1966; Kim et al.,
2004; Hoogendoorn & Daamen, 2005; Jelic et al., 2012b). For instance, even in a completely undisturbed scenario,
the practical route lengths are larger than the shortest ones. This component is continuously accumulated along
with the movement distance. Accordingly, in the 8p experiments, the conflicts among pedestrians are not enough to
cause a jam in the center region, and the pedestrians are likely to choose the approximate shortest routes. Hence,
the first component of additional length is similar between the 5m-8p experiment and the 10m-8p experiment. In
the case, the second additional length component plays a major role in formulating the differences between the
two types of experiments, and the mean additional length in the 10m-8p experiments is greater. In the 16p, 32p,
and 64p experiments, the congestion regions in the center region are more serious, and pedestrians need to walk
a longer distance to reach their destinations, so the first component of additional length component outperforms.
In this case, a greater congestion area is generally formulated in the 5m experiment and the pedestrians have to
detour more. Therefore, the additional length in the 5m experiments is greater than those in the 16p, 32p, and
64p experiments. Moreover, the standard deviation shows the similar trend as average route length, and it can be
explained in the same way.
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Figure 9: Distributions of the route lengths.
The mean values and the distributions of the route length are illustrated in Fig. 9. The route lengths cover
from 10 meters to 21 meters in the 5m experiments, while from 20 meters to 33 meters in the 10m experiments.
On the whole, there is a peak value in each distribution, and the peak value generally exists at the left side of the
data range and a long tail exists at the right side. Considering the special shape of the route length distribution,
the log-normal distribution is introduced to fit it. In the hypothesis test, the null hypothesis is given as that the
route length distribution follows a log-normal distribution, and the significant level is set as 5%. The results of
the non-parametric test show that the p-values in all experiments are greater than 0.05 (see Fig. 9), so the null
hypothesis can not be rejected and the route length obeys a log-normal distribution. Besides, the coefficients of
determination (COD) further prove the goodness of fitting.
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3.3. Route Potential
The route potential is defined as the area surrounded by the practical route and the shortest route in Fig. 10.
Based on the discrete characteristics of the rotated trajectories, the route potential of pedestrian Pi is calculated
by,
Mi =
∣∣∣∣∣∣
tdesti −1∑
t=tstarti
(
yRi (t+ 1) + y
R
i (t)
2
· (xRi (t+ 1)− xRi (t))
)∣∣∣∣∣∣ , (9)
where Mi is non-negative but y
R
i (t) has a positive or negative sign. In theory, the route potential measures the
deviation level of the practical route.
The introduction of the route potential index provides a novel perspective to understand the spatial feature of
pedestrian routes. In Fig. 10, there are three different template routes. Specifically, Route 1 fully detours around
the center region based on the trajectory shape of a semicircle of radius r. Route 2 moves along two semicircles of
radius 0.5r. Route 3 represents the shortest route from the starting point to the destination point. In general, the
three routes respectively respond to three kinds of pedestrian route choices. Route 1 and Route 2 own the same
route lengths but show different route potential. Route 2 and Route 3 own the same route potential, but their route
lengths are different. In sum, the combination of the route length and the route potential enhances the recognition
of the features of a pedestrian route in the space dimension.
Route 1
Route 2
Route 3
Figure 10: Illustration of route length and route potential.
The distributions of the route potential are shown in Fig. 11. The mean values of the potential basically
grow with the rise of pedestrian counts since more pedestrians have to detour in a more crowded situation. The
probability decreases with the growing of route potential, and the exponential distribution is introduced for fitting.
The results of the non-parametric test (Fig. 11) show that the distributions of the potential agree well with the
exponential distributions. In addition, the results of COD still prove the goodness of exponential distribution fitting.
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Figure 11: Distributions of the route potential.
3.4. Travel time
In the experiments, the travel time of pedestrian Pi is calculated according to the departure time t
start
i of the
cut-off circle from the starting point and the arrival time tdesti of the cut-off circle at the destination point, i.e.,
Ti = t
dest
i − tstarti . (10)
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Figure 12: Distributions of the travel time.
The mean values and distributions of travel time are illustrated in Fig. 12. In the experiments, the mean
travel time rises with the growing of pedestrian counts. It figures out since the growing pedestrian counts make
the circle more crowded and more pedestrians have to detour or slow down, hence the travel time increases. The
travel times cover from 2 seconds to 11 seconds in the 5m experiments, while from 3 seconds to 16 seconds in the
10m experiments. Each distribution owns a peak value which increases with the growing of the pedestrian counts.
The distributions of time are mountain-liking curves without deflecting to left or right. Hence, the normal(Gauss)
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distribution is introduced to fit it. The normality tests (Fig. 12) and the COD prove that the travel time distribution
follows a normal distribution.
3.5. Length-time correlation
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Figure 13: Travel time comparisons between the different choices of route length.
In the experiments, the practical pedestrian routes can be basically divided into two groups. The first type
of pedestrians approximately insist on the shortest route and move through the central region, while the second
type of pedestrians choose to detour around the central region. Generally, the route length is likely to be the most
fundamental indicator to distinguish between the two types of routes. Therefore, the pedestrians are divided into
two groups based on the route length to investigate the influence of different route choices. For each experiment,
group L1 contains the first half of pedestrians with shorter route lengths, while group L2 includes the second half
with longer route lengths. The travel time of the two groups of pedestrians are represented with the box plots, and
the results of the 8 sets of experiments are shown in Fig. 13.
It is found that group L1 experiences a greater mean travel time, whereas group L2 corresponds to a smaller
one. Moreover, the gap between mean travel times exists in all the 8 experiment sets, despite a relatively small one.
In summary, the route length and the travel time are not positively associated. This can be demonstrated that most
of the pedestrians are attracted to the shortest routes across the center region instead of detouring, which results
in crowdedness and further delays pedestrians movement. On the contrary, the minority of participants, who avoid
the congested area, experience long but time-saving travels. Consequently, the mean travel time of group L1 is even
greater in the experiments.
The route choice in the circle antipodes experiments is similar to the traffic distribution problem despite the
practical pedestrian routes are not fixed. Logically speaking, the user equilibrium (UE) states shall be expected in
the experiments, but the practical results show definite differences between the travel time of the two types of route
choices. The heterogeneity of pedestrians and the nondeterminacy of behaviors should not be the critical reason
since the results are stable in all the 8 sets of experiments. In our view, there are two kinds of causes for the results.
First, the participants may not recognize the characteristics of the circle antipode experiments and the status of
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other participants. As a result, most pedestrians insist on the default shortest route, and more pedestrians choose
the shorter routes than those in the UE state. Second, the practical cost function of route choice contains more
complicated factors other than travel time. That’s to say, reaching the destination as quickly as possible maybe not
the only goal for pedestrians, and some other factors such as the energy might be a critical factor as well. In the
case, the shorter route is likely to be a more energy-saving choice, and more pedestrians are attracted than those
in the UE state.
3.6. Speed
In the section, the speed of pedestrian is calculated according to the original trajectories and denoted by,
vi(t) =
‖si(t+ 1)− si(t)‖
∆t
, (11)
where ∆t is the time interval of pedestrian trajectories and it equals to 0.04 s in the experiments.
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Figure 14: Distributions of the speed.
Fig.14 shows the distribution of speed vi(t) in the series of experiments. The mean velocity drops with the
growing of pedestrian counts in the experiments. It makes sense since more pedestrians can result in a more crowded
environment and bring down the speed. The peak values of speed occur from 0.75 to 1.25 m/s, which decreases with
the growing of pedestrian counts. The speed approximately ranges from 0 to 2 m/s in the 5m experiments, while
from 0 to 2.75 m/s in the 10m experiments. The wider motion space in the 10m experiment offers the pedestrians
more possibilities to adjust the motion strategies and accelerate to higher speeds. The normality tests and COD in
Fig. 14 prove that the speed distribution subjecting to a normal distribution cannot be rejected.
3.7. Time series
The time series indexes can contribute to investigating the status changes of pedestrian crowd during the
experiments. For this purpose, the average center distance is introduced as,
d¯c(t) =
∑N
i=1
√
(xi(t)− xc)2 + (yi(t)− yc)2
N
. (12)
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In the experiments, the circle center point is the midpoint and the intersection point of the shortest routes for
pedestrians. Considering the specificity of the circle antipode experiment, the average center distance can be used
to imply the route choice behaviors of individuals and the aggregation status of crowds. On the individual level,
the average center distance measures the distance to the center point, and its changing trend reflects the individual
route choice and detour behavior. On the crowd level, the average distance implies the degree of crowdedness.
Beyond the average distance, the average velocity is also introduced as,
v¯(t) =
∑N
i=1 vi(t)
N
. (13)
The average velocity is the other significant index to measure the status of pedestrian crowds.
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Figure 15: Time series of center distance and speed.
Fig. 15 shows the time series of average center distance and average velocity in the experiments. The time series
of average center distance is a U-shaped curve overall, and the specific shape is formulated since the circle center
is the midpoint of the shortest route of pedestrians. The minimal average center distance appears later and larger
with the growing of pedestrian counts. The increasing count of pedestrians leads to a broader congestion region in
the center area, so the average center distance is generally greater. Meanwhile, the speed of a pedestrian is likely to
be affected by his/her surrounding, and the growing pedestrian counts result in a more crowded motion situation.
To adapt the more crowded situation, pedestrians are likely to adjust the speed (mainly reduce the speed), and the
minimal average center distance is thus less.
The basic pattern of the time series of average velocity usually contains two maximal values and one minimal
value (Fig. 15). Through exploring the time series of average velocity, five critical time points are defined and
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denoted in Fig. 15, taking the 10m-32p experiment as an example. t0 indicates the starting moment of the
experiment. t1 is the corresponding time of the first maximal value. t1 is generated when the free acceleration
process at the initial stage is interrupted. t2 represents the corresponding time of the minimal velocity. It is noted
that t2 is fairly close to the time of the minimum value of the center distance. It makes sense since the moment of
the minimal value of the center distance corresponds to the most crowded moment. t3 denotes the corresponding
time of the second maximal value. t3 is generated when some pedestrians just accelerate from the most crowded
situation while some other pedestrians have reached the destinations. t4 is the ending moment of the experiment.
In the case, the second average velocity increase might be counterbalanced and the second maximal value turns
out to be not so obvious in some cases. Accordingly, the experiment can be divided into four stages. In the first
stage(t0 to t1), the pedestrians start off from the starting point and accelerate to the maximal velocity until being
affected by other pedestrians. The second stage starts from t1 and ends at t2. The approaching of the center point
makes the center region an even more crowded area, so the average velocity drops. The period from t2 to t3 is the
third stage that the most serious conflicts and congestion have been managed and the average velocity makes a
slight increase. In the last stage (t3 to t4), pedestrians reach their destinations one after another.
4. Model evaluation
The evaluation is a core step for exploring the model applicability, and an appropriate and quantitative evaluation
framework is of great significance. The circle antipode experiment generally owns a serious conflicting and congested
situation which can be quite challenging for pedestrian models, and the ability to deal with complicated situation
shall be a most fundamental and critical index for the evaluation of pedestrian models. In addition, the symmetric
experiment situation contributes to taking advantages of the trajectory data and providing more possibilities of
quantitative evaluation.
4.1. Evaluation framework
Trajectories Evaluation
Space Dimension Time Dimension
Distribution Indexes Time Series Indexes
K-S Test DTW Method
Experiment Data
Simulation Data
Model Scores
Input OutputEvaluation 
Framework
Figure 16: The circle antipode experiment based evaluation procedures.
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A pedestrian model evaluation framework is formulated in the section through the application of the challenging
and symmetric circle antipode experiments (see Fig. 16). The framework contains six indexes in space and time
dimensions, and two types of evaluation methods are adopted for analyzing the distribution indexes and the time
series indexes, respectively. The model score can be calculated by introducing the experiment and the simulation
results of the circle antipode experiment into the evaluation framework.
4.1.1. Indexes
The aim of a pedestrian model evaluation is to investigate to what extent the practical pedestrian behaviors
can be reproduced by the simulation model. The symmetric and precise route trajectories extracted from the circle
antipode experiments formulate the base data to reflect the motion properties. Investigating the spatial properties
of pedestrian trajectories (Fig. 3 and Fig. 5) can be the most effective evaluation method. Two measures including
route length and route potential are used to estimate the spatial properties and differences of routes.
Distribution of route length. Usually, the longer route length iimplies a more radical detour route. The route
length (see Eq. 7) can be regarded as an critical indicator for the spatial properties of route, and the distribution
can be found in Fig. 9.
Distribution of route potential. The route potential (see Eq. 9) is used to describe the detour features of
pedestrian route, and the distribution of potential is shown in Fig. 11.
The combination of the route length and the route potential enhances the recognition of the features of a
pedestrian route in the space dimension. However, the spatial features can’t completely reflect the pedestrian
behaviors in motion. Therefore, along with the two indicators, four additional measures are adopted.
Distribution of travel time. The travel time is expressed in Eq. 10, and Fig. 12 illustrates the distribution.
Distribution of speed. The speed is defined in Eq. 11, and Fig. 14 demonstrates the distribution.
Time series of center distance. The time series of center distance denoted in Eq. 12 (Fig. 15)can be applied
to measure the degree of crowdedness during an experiment.
Time series of average velocity. The time series of average velocity introduced in Eq. 13 (Fig. 15)is a
measurement index of pedestrian status.
4.1.2. Evaluation method
To evaluate the similarity level between the experimental data and the simulation results, the Kolmogorov-
Smirnov (K-S) test method and the dynamic time warping (DTW) distance method are introduced for the evaluation
of the distribution data and the time series data, respectively.
The K-S test (Massey Jr, 1951; Young, 1977) is a nonparametric test that is usually used to compare a sample
with a reference probability distribution or to compare two samples, and it is sensitive to differences in both location
and shape of the experimental cumulative distribution functions of the samples. Considering the specific condition
of our evaluation, the K-S test can be used to quantify the differences between the simulation results and the
experimental data. The specific procedures of the sample data evaluation are described in Table. 2. In general,
the null hypothesis in the K-S test is given as that the experimental data and the simulation data come from the
identical population, while the alternative hypothesis is that there are obvious differences between the populations
of the two distribution sets. Considering the challenging circle antipode experiment, obvious differences are likely
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Table 2: Evaluation Method I
Method I (The K-S test evaluation method for experimental and simulation distribution data)
Input: Experimental distribution data set ZE and simulation distribution data set ZS.
Output: Normalized similarity evaluation score S.
Step 1 Obtain the experimental cumulative distribution function FE(x) and the simulation cumulative
distribution function F S(x) .
FE(x) = 1n
∑n
i=1B(z
E
i , x), F
S(x) = 1n
∑n
i=1B(z
S
i , x), z
E
i ∈ ZE, zSi ∈ ZS
where B(zi, x) equals to 1 if zi ≤ x and equals to 0 otherwise.
Step 2 Calculate the K-S statistic Dks.
Dks = sup
x
|FE(x)− F S(x)|, where sup
x
is the supremum of the set of distances.
Step 3 Calculate the p value of the K-S statistic and the normalized similarity evaluation score S.
S = 1/(1− log10 p).
to be found between the practical simulation data and the experimental results. As a result, the practical p-value
of the K-S test is likely to be quite small (< 0.05) despite the range of p-value is 0 to 1. Considering the fact, a
normalization process is introduced in step 3 of Table 2 for the recognition and analysis of the results of K-S test.
In the evaluation framework, the distributions of route length, route potential, travel time and speed are evaluated
with the K-S test.
The DTW method (Piyush Shanker & Rajagopalan, 2007; Taylor et al., 2015) is a widely-used algorithm for
the measure of similarity between two sequences (e.g., time series), and it has been applied to temporal sequences
like audio, video and graphics data. Generally, the DTW method can calculate an optimal match between two
sequences with certain restrictions. The sequences are ”warped” non-linearly in the time dimension to determine
a measure of the similarity independence of certain non-linear variations. The specific procedures for the DTW
distance calculation are given in Table. 3. In the DTW distance method, the result varies from 0 to positive infinity,
and a normalization process of the DTW value is also proposed to make a further analysis of the similarity between
the experimental data and the simulation results. In the section, the time series of center distance and the time
series of average velocity are evaluated with the DTW distance method.
During the formulation of the evaluation framework, the reliability of the evaluation indexes is another critical
problem. Actually, the reliability mentioned here is mainly regarding the stability of the related indexes in repeated
experiments. To investigate the reliability of the indexes, the verification processes are provided in Appendix A.
4.2. Model and evaluation
The social force model (Helbing & Molnar, 1995; Helbing et al., 2000) is widely-used in recent decades and
famous for its simplicity, extendibility, and reproduction of the famous self-organized phenomena. In the section, a
traditional social force model and a simple modified social force model are formulated to simulate the pedestrian
motion in the circle antipode experiment, and their simulation results are analyzed with the evaluation framework.
Through the evaluation of the two models, the performance of the evaluation framework can be obtained and
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Table 3: Evaluation Method II
Method II (The DTW distance evaluation method for the experimental and simulation time series data)
Input: Experimental time series data sequence set ZE and simulation time series data sequence set ZS.
Output: Normalized similarity evaluation score S.
Step 1 Obtain the experimental time series sequence and the simulation time series sequence.
Suppose that there are a sets of time-series sequences exist in ZE and b sets of time-series sequences
exist in ZS. ZEx and Z
S
y are two time sequences in the set Z
Eand ZS and respectively own m and
n symbols.
Step 2 Calculate the DTW distance between the time series ZEx and Z
S
y .
Note that zEx (i) and z
S
y (j) denote two symbols in the set Z
E
x and Z
S
y , respectively. d
(
zEx (i), z
S
y (j)
)
is the Euclidean distance between the two symbols, i.e., d
(
zEx (i), z
S
y (j)
)
= |zEx (i)− zSy (i)|.
1: for i = 1 to m
2: DTW [i, 0] = infinity
3: for i = 1 to n
4: DTW [0, i] = infinity
5: DTW [0, 0] = 0
6: for i = 1 to m
7: for j = 1 to n
8: DTW [i, j] = d
(
zEx (i), z
S
y (j)
)
+min(DTW [i−1, j], DTW [i, j−1], DTW [i−1, j−1])
9: return DTWx,y = DTW [m,n]
Step 3 Calculate the average DTW distance between the time series set ZE and ZS.
1: for x = 1 to a
2: for y = 1 to b
3: DTW = DTW +DTWx,y
4: return DTW = DTW/(a · b).
Step 4 Calculate the normalized similarity evaluation score S.
S = 1/(1 + log10 (1 +DTW )).
investigated.
4.2.1. Traditional social force model
In the social force model (Helbing & Molnar, 1995; Helbing et al., 2000), the pedestrian is regarded as a kind of
particle which is driven by several kinds of forces. The first kind of force reflects the desire of a pedestrian to reach
the destination as quickly as possible. As a result, the pedestrian would like to move to the destination without
detours and select the shortest route. In the case, the desired direction of pedestrian Pi is
~edesi = (
~ldesi −~li)/‖~ldesi −~li‖, (14)
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where ~ldesi indicates the destination position of pedestrian Pi, and
~li represents the actual position of pedestrian
Pi. Each pedestrian owns a desired speed v
0
i , so the pedestrian would accelerate to a certain speed if not being
interrupted by other pedestrians or obstacles. Due to the impact of other pedestrians and obstacles, the actual
velocity usually varies from the desired velocity and the desire to maintain the desired velocity can be represented
as,
~F drvi = mi(v
0
i ~e
des
i − ~vi)/τi, (15)
where τi is a relaxation time for pedestrian Pi to adjust the velocity, and it equals to 0.5 s in the work.
The second kind of force is the interaction force between pedestrians. Generally, a pedestrian prefers to keep a
certain distance from other pedestrians around, and the repulsive force is thus generated. Note that the repulsive
effect between pedestrians is not contradicted with some attraction interactions based on group behaviors or fol-
lowing behaviors, and the attraction force is not discussed in this paper. The repulsive force here is a more general
interaction between unfamiliar pedestrians and increases with the approaching of them, and the repulsive effect
between pedestrian Pi and Pj can be calculated as follows,
~F pedij = (A exp (−(rij − ri − rj)/B) + kng(rij − ri − rj))~enij + ktg(rij − ri − rj)~etij , (16)
where rij is the distance between pedestrian Pi and Pj . ri and rj are the radius of pedestrian Pi and Pj , respectively.
The magnitude parameter A and fall-off length B are two constants that determine the strength and range of the
social interaction, and the parameters take values of 2000 N and 0.08 m, respectively. kn and kt are the normal and
tangential elastic restorative constants, and they respectively are set to be 120000 N/m and 240000 kg/m/s. ~enij
refers to the unit vector from pedestrian Pi to Pj , and ~e
t
ij indicates the perpendicular direction to ~e
n
ij . g(rij−ri−rj)
equals to 1 when rij − ri − rj ≥ 0 and equals to 0 otherwise.
The third kind of force stands for the interaction force between pedestrian and obstacle, and it is analogously
formulated as,
~F obsiw = (A exp (−(riw − ri)/B) + kng(riw − ri))~eniw + ktg(riw − ri)~etiw, (17)
where riw is the distance between pedestrian Pi and the wall.
Based on the three kinds of forces, the motion of pedestrian Pi is formulated as,
d~vi/dt = (~F
des
i +
∑
Mi
~F pedij +
∑
W
~F obsiw )/mi, (18)
where Mi and W are two sets that contain the other pedestrians and the walls, respectively.
4.2.2. Voronoi based social force model
The primary motivation for the modification is to investigate the performance of the evaluation framework.
Therefore, we propose a simple modification inspired by the Voronoi diagram method (Xiao et al., 2016, 2018; Qu
et al., 2018) to improve the conflict management ability of the traditional social force model. The traditional driving
force owns a special feature that its direction points to the destination all the time. The setting of driving force
indeed reflects the desire for approaching the destination, but it also brings some disadvantages in reproducing the
practical conflict and congestion avoidance behaviors. To deal with the potential problem, an alternative driving
force direction is proposed based on the shape characteristics of the Voronoi diagram.
22
34
2
7
6
5
n6
n1n2
n3
n4 n5
1
n*detour
Pi
Di
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(b) Modified desired directions.
Figure 17: Illustrations of Voronoi diagram and the modified desired direction. The gray circles represent the pedestrians. The Voronoi
diagram are plotted with the dashed lines. The yellow forks represent the Voronoi nodes, and the yellow circle represents the destination
of pedestrian.
The Voronoi diagram is a partitioning of space into regions based on distance to points in a specific subset,
in other words, each region contains all the points closer to the related particle than to others. Based on the
special geometry characteristics, the Voronoi diagram has been used in many areas including networking, biology
and motion planning. Also, the Voronoi diagram shows potential in the investigation of pedestrian dynamics, and
its shape characteristics could inspire possible direction choices for avoiding conflicts and congestions. As shown
in Fig. 17, 7 pedestrians represented by the circles are initialized in the square space, and the Voronoi diagram
of the pedestrians is generated. The gray area is the Voronoi cell of pedestrian P1, and it owns 6 Voronoi nodes.
It is found that the direction to the Voronoi node indicates a potential direction to pass through the adjacent
pedestrians. For instance, for pedestrian P1, the direction to Voronoi node n1 shall be a potential direction to
pass through pedestrian P2 and pedestrian P3. In the same way, the 6 Voronoi nodes represent 6 possible detour
directions.
Moreover, how to choose the optimal detour direction from the Voronoi nodes should be further explored. Here,
several factors, e.g., destination, velocity, and deflection, are taken into consideration, and the optimal direction is
determined by,
n∗i = arg max
nj∈Ni
(~ei · ~eij/ρnj ), (19)
where Ni represents the set of the Voronoi nodes of pedestrian Pi. ~ei is the unit vector of velocity of pedestrian Pi,
and ~eij is the unit vector from pedestrian Pi to pedestrian Pj . ρ
n
j is the local density of Voronoi node nj . In this
paper, the local density of a Voronoi node is defined as the average value of the densities of its related pedestrians.
For example, the related pedestrians of Voronoi node n1 include pedestrian P1, P2 and P3. Moreover, the local
density of a pedestrian is defined as the reciprocal of the area of its corresponding Voronoi cell. For instance, the
local density of pedestrian P1 equals to 1/a1, where a1 indicates the area of the shadow region. In conclusion, the
alternative desired direction is ~edtr =
−−→
Pin
∗
i /‖
−−→
Pin
∗
i ‖.
With the introduction of an alternative desired direction which aims for the reasonable avoidance of conflicts and
congestions, a further issue to answer is how to choose between the two types of desired directions. Actually, the
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problem is to recognize the critical condition between the choice of the original desired direction and the alternative
one. In the case, a judgment formula is proposed,
C = dif − τi(~vi − ~vf )~eif , (20)
where ~vi and ~vf are the velocities of pedestrian Pi and its front pedestrian, respectively. τi is a relaxation time for
pedestrian pi. dif refers to the distance between them, and eif is the unit vector from pedestrian Pi to its front
pedestrian. Note that the front pedestrian is determined as the corresponding pedestrian in the Voronoi cell of the
direction to the destination. In the modified social force model, the desired direction choice is modified,
~edes =
 ~edes, C ≥ 0~edtr, otherwise . (21)
4.2.3. Simulation and evaluation
In traditional simulation scenes (e.g. corridor and bottleneck), both models have solid performance Helbing &
Molnar (1995); Helbing et al. (2000); Xiao et al. (2016); Qu et al. (2018). The simulated fundamental diagram agrees
well with the experimental results, and many typical phenomena (e.g., lane formation and arching phenomenon)
are reproduced in both models (see http://pedynamic.com/voronoi-based-social-force-model/). Especially,
the Voronoi based social force model works well in handling the conflicts with other pedestrians.
In this work, the 10m-64p experiment is chosen as the corresponding evaluation experiment scenario, and it
has been repeated 100 times in the simulations for the traditional social force model and the modified social force
model, respectively. As mentioned in the model section, the improved model outperforms the traditional one by
only considering a rather simple but critical factor, an alternative desired direction. The characteristics of the
alternative desired direction can be particularly useful in the circle antipode experiments where serious conflicts
occur. The pedestrian trajectories in the simulations are extracted with 25 frames per second and drawn in
Fig. 18. From a qualitative perspective, more frequent and intense detour behaviors are found in the improved
model. Apparently, the modification of the desired direction is beneficial to figure out conflicts and reproduce
reasonable pedestrian behaviors. Besides, more videos about the simulations are shown on our website, http:
//pedynamic.com/circle-antipode-simulation/.
The related indexes are calculated based on the simulated pedestrian trajectories, and the evaluation results
of the two models are presented in Fig. 19. Apart from route length, the modified social force model gets higher
ratings in the other indexes. The results make sense since more realistic behaviors especially the conflict avoidance
behaviors can be reflected by the modified model. For the route length index, the mean values of both models are
generally less than the experimental results due to the lack of the global route navigations. The pedestrians in
the traditional social force model spend more time to deal with the conflicts and congestions in the center region,
which increases the emerge probability of longer routes. Hence, the score of the route length index in the traditional
social force model is greater. Generally, although the model modification is quite limited, it is still evident that the
overall performance of the modified social force model is greater than that of the traditional one. That’s to say, the
improvements of the simple modification are reflected by the current evaluation framework.
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(a) (b) (c)
Figure 18: Illustrations of pedestrian trajectories. (a) Trajectories in the empirical experiments. (b) Trajectories in the traditional
social force model. (c) Trajectories in the modified model.
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Figure 19: Radar figure of the evaluation results. Note that Dis and TS represent the distribution indexes and time series indexes,
respectively.
5. Discussion and prospect
In this paper, up to 32 sets of circle antipode experiments were performed to reveal the route navigation and
conflict avoidance mechanisms of pedestrians. The specific pedestrian trajectories during the experiments were
precisely recognized, and these trajectories are regarded as the main experimental data source in this work. The
frequent and serious conflicts formulated in the center region are beneficial to the investigation of route navigation
and conflict avoidance, and the symmetric experimental conditions in the experiments further enable more available
quantitative analyses on pedestrian behaviors. Considering these features, the spatial distribution and several
indexes based on the original and rotated trajectories are investigated. Several noticeable conclusions are found
and further discussed as follows.
The spatial statistics of the rotated trajectories showed an apparent walking preference of pedestrians on the
right side in the experiments. The side preference is considered to be related to the culture and regions (Helbing
et al., 2005; Moussaid et al., 2009), and the practical habits in China confirm that our findings make sense. Similar
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to the side preference and the fundamental diagram (Chattaraj et al., 2009), the heterogeneous nature of pedestrians
might lead to diverse pedestrian performance in the experiments. Therefore, considering more factors including
ages, heights, nations, cultures and even psychological states etc, are useful for more reliable and convincing results
in the circle antipode experiments. The symmetric experiment condition of the circle antipode experiment benefits
the formulation of a public and open source database.
Another topic is regarding the distribution of the indexes. Current fitting results show that the route length
distribution follows the log-normal distribution, the route potential distribution fits the exponential distribution,
and travel time distribution and the speed distribution agree well with the normal distribution. The formulation
mechanisms of these distributions are essentially different. For instance, a log-normal process is the statistical
realization of the multiplicative product of many independent random variables, whereas the normal distribution is
obtained by the sum of many independent processes. However, the formulation mechanisms for specific distribution
of route length, route potential, travel time and speed are not so clear and need further discussions.
There are basically two types of route choices in the circle antipode experiment: one passing through the center
region, and the other detouring around the center region. It is found that the pedestrians taking the shortest routes
experience long average travel times, while the detouring pedestrians even arrive at their destination faster. The
crowding effect is believed to be the core reason for the non-positive correlation between route length and travel time.
The attractive short routes are usually crowded with pedestrians, thus they are intractable and time-consuming to
pass through; while the detour routes seem to be less popular, where pedestrians avoid the crowdedness and walk
more smoothly. Besides, the travel time for each pedestrian shall be approximately the same according to the UE
theory in the transportation distribution, which is not consistent with our results. Two kinds of causes might lead
to the results. First, the experimental process especially the effect of congestion in the center region was not fully
recognized by pedestrians, so over-many pedestrians chose the route passing through the center region. Second,
the practical cost function of the route choice may contain more factors, e.g., energy saving, other than pedestrian
travel time. Further experiments can be performed to investigate the specific reason for the phenomenon. For
instance, the circle antipode experiments are substantially repeated with a fixed group of pedestrians. Through an
analysis of the index changes over time, the reason for the length-time results can be further explored.
What’s more, an evaluation framework of the pedestrian model is formulated in the work in which experimental
and simulation trajectories are the base data. In the framework, several space and time dimensional indexes, i.e.,
distribution of route length, distribution route potential, distribution of travel time, distribution of speed, time
series of center distance and time series of average velocity, are introduced as indicators. The distribution indexes
and time series indexes are respectively evaluated with K-S test and DTW method. This paper further applied
the method to evaluate a traditional social force model and a simple modification. It is found that the basic
performances of both models are reflected, and the simple modification improves the performance according to our
evaluation framework. Since the realistic conditions of pedestrian dynamics are varied and complex, it has to be
admitted that the effectiveness of the circle antipode experiments based framework would be quite limited. Still,
the ability of route navigation and conflict avoidance is a core and maybe a most challenging problem in crowd
dynamics, and the proposed evaluation framework based on the circle antipode experiments would be significant
for the pedestrian model evaluation.
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Indeed, significant differences can be found between the empirical and simulation trajectories, and a lot of room
for improvement exists in the current pedestrian models. Through investigation of the simulation processes, the
point is that a real pedestrian normally predicts the short route or the detour route from the very beginning,
whereas it is to our knowledge very hard to achieve in current models due to the lack of global and dynamic routes.
In sum, it also provides a potential research direction, about how to predict the conflicts and decide the route choice
in a complex and dynamic situation for pedestrians and even robots.
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Appendix A. Indexes verification
Fig. A.1 shows the original ground trajectories and its responding rotated trajectories in the four repeated
experiments of the 10m-32p experiments. In general, noticeable differences of the shape features of the pedestrian
trajectories (both original and rotated) in the repeated experiments emerge, whereas the differences are significantly
less than different types of experiments (Fig. 3 and Fig. 5).
(a) (b) (c) (d)
(e) (f) (g) (h)
Figure A.1: The original and rotated trajectories of the repeated experiments in the 10m-32p experiments. (a) - (d) show the original
trajectories of the repeated experiments. (e) - (h) show the rotated trajectories of the repeated experiments.
To test the stability of indexes in the repeated experiments, the Kruskal-Wallis (K-W) Test and the dynamic
time warping (DTW) method are introduced.
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The Kruskal-Wallis test (Kruskal & Wallis, 1952; Breslow, 1970) is a non-parametric method to test whether
samples originate from the same population, and it is appropriate to compare two or more samples with the same
or different size. Note that a normal distribution of the residuals is not required for the K-W test since it is a
non-parametric method. Generally, the null hypothesis assumes that the samples (or groups) are from identical
populations, and the alternative hypothesis is that at least one of the samples (or groups) comes from a different
population. The specific procedures of the method are given in Table. A.1. The calculated p value is shown in
Table. A.3. It is found that all the p values are greater than 0.05, which means that the null hypothesis can not
be rejected and the samples might come from identical populations. As a conclusion, the values of the four indexes
are stable among the repeated experiments.
According to the features of the DTW method introduced in section 4.1.2, it can also be introduced into the
stability verification of the indexes in the repeated experiments. The specific procedures for stability investigation
of the indexes are given in Table. A.2. The results of the DTW method show that the two time series indexes are
adequately stable among the repeated experiments.
Table A.1: Index stability investigation method I
Method I (The K-W test method for the repeated experiments)
Input: Experimental distribution data set ZEK from the K repeated experiments.
Output: p value of the K-W test.
Step 1 Obtain the rank of all data from repeated experiments.
Here, δi(j) denotes the overall rank of jth data in the ith repeated experiment.
Step 2 Calculate the K-W statistics.
KW = (N − 1)∑Ki=1 ni(δi − δ)2/∑Ki=1∑nij=1(δi(j)− δ)2.
Where δi denotes the average overall rank of the data in the ith repeated experiment and δi =∑ni
j=1(δi(j)). δ represents the average of all the δi(j) and δ = 0.5(N + 1). ni is the number of data
in the ith repeated experiment. N denotes the total number of data among repeated experiments.
K stands for the number of the repeated experiments
Step 3 Calculate the corresponding p-value of the K-W statistics.
p ≈ Pr(χ2K−1 ≥ KW )
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Table A.2: Index stability investigation method II
Method II (The DTW stability investigation method for the repeated experiments)
Input: Experimental time series data sequence set from the repeated experiments ZE.
Output: Average DTW distance DTW .
Step 1 Obtain the time series sequences of the repeated experiments.
Suppose that there are a sets of time-series sequences in ZE. ZEx represents a time sequence in
the set ZE and owns m symbols.
Step 2 Calculate the DTW distance between the repeated experiments.
Note that zEx (i) and z
E
y (j) denote two symbols in the set Z
E
x and Z
E
y from the repeated exper-
iments, respectively. d
(
zEx (i), z
E
y (j)
)
is the Euclidean distance between the two symbols, i.e.,
d
(
zEx (i), z
E
y (j)
)
= |zEx (i)− zEy (i)|.
1: for i = 1 to m
2: DTW [i, 0] = infinity
3: for i = 1 to n
4: DTW [0, i] = infinity
5: DTW [0, 0] = 0
6: for i = 1 to m
7: for j = 1 to n
8: DTW [i, j] = d
(
zEx (i), z
S
y (j)
)
+min(DTW [i−1, j], DTW [i, j−1], DTW [i−1, j−1])
9: return DTWx,y = DTW [m,n]
Step 3 Calculate the average DTW distance between the repeated experiments.
1: for x = 1 to a− 1
2: for y = x+ 1 to a
3: DTW = DTW +DTWx,y
4: return DTW = 2 ·DTW/(a2 − a).
Table A.3: Index analysis
Index Method Value
Route Length K-W Test 0.515
Route Potential K-W Test 0.666
Travel Time K-W Test 0.602
Velocity K-W Test 0.577
Time Series of Average Velocity DTW Method 17.400
Time Series of Center Distance DTW Method 17.360
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